Abstract
Introduction
Single photon emission computed tomography (SPECT) is a medical diagnostic technique where a 3D tomographic image of a disease specific radiotracer is reconstructed from projections acquired at several locations around the patient body. The SPECT images are seriously hampered by low signal-to-noise ratio, attenuation of photons, collimator blurring and scatter artefacts. While attenuation correction has been well addressed and is often included in the commercial reconstruction techniques, scatter correction is still an active research topic because of the complexity of the problem.
Scatter, however, may pose a serious diagnostic problem, in particular in myocardial perfusion scans. Several studies have shown that photons emitted from the liver (or gall bladder, stomach and bowel) can scatter and be detected as if having come from the heart, leading to an apparent increase in counts in the inferior myocardium [1] which may completely obscure the detection of a perfusion defect in that area of the heart. In attenuation-corrected images the contribution from scatter becomes even more prominent than in uncorrected images and the ``obscuring effect'' is even stronger, making an accurate scatter correction particularly important in this case.
Scatter removal techniques may either be applied to the projection data, integrated into the reconstruction process or they may act as a filter on the data after reconstruction (see, e.g., [2] [3] [4] ). Many of these techniques suffer from the small amount of information, which requires regularisation. They tend to improve the overall contrast in the image but may fail to remove local effects such as the one mentioned above. Scatter removal techniques which do take into account local variation are usually slow because of the complexity of this approach.
Dynamic SPECT provides additional information as compared to static SPECT, which may be used to detect scatter locally in the reconstructed image. Local correction in a region of interest using known temporal characteristics is much simpler than a correction in the complete scene. This was shown on fast rotation dynamic SPECT images by applying factor analysis based on assumptions about the time behaviour in different organs [5] . We investigate a different approach which derives the model curves directly from the data. The method was tested on simulated and on real scatter artefacts in patient data. Myocardial perfusion studies with dynamic tracer Teboroxime-99m on normal subjects were used.
Dynamic SPECT
Dynamic SPECT extends the 3D-spatial imaging capabilities of standard SPECT into the fourth, temporal dimension by creating 3-dimensional "movies" representing changes of the tracer distribution in the patient body. In particular, the dSPECT method [6, 7] provides such time-varying spatial information from data acquired using a standard (single slow rotation) SPECT protocol. Time activity curves (TACs) of dSPECT data are depicted in Figure 1 . Temporal variations of tracer distribution observed in the images may be due to physiological processes in the body and in this case may carry important diagnostic information about kinetic processes but might alternatively be due to reconstruction artefacts. These two possibilities are not easily identified and separated. The fact that the dynamic reconstruction seeks a solution to a highly underdetermined optimisation problem using only a low number of counts causes its results to be susceptible to noise and other artefacts.
Nevertheless, temporal analysis of the dynamic images may prove to be very valuable in scatter correction. Since photons originating from different organs will display temporal behaviour and have TACs which are characteristic to those organs, it may be possible to use this fact for separating scattered photons from primary photons. As mentioned, this could be important in cardiac studies, where scattered liver photons (one TAC) contribute to the image of the heart (different TAC) and might obscure myocardial perfusion defects. The likelihood of such scatter artefacts in the left ventricle increases in the vicinity of the liver because of its very high uptake of the radio-pharmaceutical. Another clinical application would be scatter from dynamic activity corresponding to filling of the bladder in prostate cancer imaging.
Time activity curves (TACs) of single voxels are not reliable enough for this analysis because their low photon count per voxel per time unit (about 50-60 for the liver, 15-25 for the left ventricle) results in a very low signal to noise ratio (SNR). Thus, for our method the data is segmented based on TAC similarity. Segments are formed such that they contain photon counts which are comparable to the count of a voxel over the complete acquisition time. Assuming zero mean noise, it establishes a SNR in each segment similar to that which would result from conventional static resonstruction. Segments are generated by 3-D region merging after decorrelating the data using principal component analysis and accepting only components representing 99.9% of the variance in the data (for details see [8] ).
For TAC-based scatter detection, we assume that scattered and unscattered (primary) photons will display the same temporal behaviour, which is typical to the concentration changes of the injected radiotracer in a given organ. Under this assumption, the time signal is a signature of organ-specific photon concentration change. If a voxel has primary photons and scattered photons from a different organ attributed to it, the TAC at this location will be a weighted combination of these two TACs. In our previous work on segmenting dSPECT images we showed that liver TACs were sufficiently different from heart TACs to give a visual indication of scatter artefacts actually existing in the left ventricle [8] (Figure 1 ).
Scatter Removal in the Left Ventricle
We now want to investigate whether it is possible to devise a simple scatter model which enables local scatter detection and removal, for which the information can be derived from the data. This will enable us to build an automatic system for scatter removal. In principle, solving this equation would require an explicit information about inhomogeneous activity distribution and scattering locations. Fortunately, scatter artefacts will be reconstructed only if the energy loss of scattered photons is small enough for these photons to be detected in the photopeak window. This corresponds mainly to single scatter events and to photons originating from close vicinity of the affected heart region. Additionally, activity in the organ which is the origin of scatter must be significant for causing a noticeable effect in the affected region. This reduces potential origins of scatter to organs close to the left ventricle. Thus, scatter is expected to originate mainly in the liver, gallbladder or intestines. All these organs will have TACs significantly different from the TAC of the heart. For simplicity, we will assume in the remainder of the paper that scatter originates in the liver. Unfortunately, the time signature of liver regions cannot be described by a single TAC because the position of activity peak of different liver compartments varies. However, because of the vicinity assumption we simplify our model above to 
A local scatter model

Generating the model heart TAC
Previous investigations showed that the TAC signature of heart regions may be modeled by an exponential decay of activity TAC h (t)=aexp(b·t). Using such a generic heart signature, however, requires either that the parameter b of the exponential decay curve be constant for all patients or an estimation of b during scatter correction. The latter makes eq.1 non-linear. The former is not appropriate as decay curves for heart TACs vary quite substantially between studies due to patient-specific variation and to different acquisition protocols. Since an estimation of b would require additional information from the data (e.g., that the left ventricle is segmented and has a constant value of b), we resorted instead to a patient-specific extraction of a model curve from the data. At the given time resolution of about 20 seconds per time step it can be assumed that voxels in the same functional unit of an organ in close vicinity to each other exhibit a similar time behaviour. Thus, we generated a model curve TAC h' for an artefact region from the averaged TACs of all adjacent heart regions. Since amplitudes of TAC h' and the true TAC h , may differ by an unknown factor α, eq.1 becomes
Computation of α will still enable estimation of TAC h .
Selecting a liver TAC
Liver TACs are derived from threshold-segmented high activity regions of the liver. They differ significantly from heart TACs because they possess a pronouced maximum during the acquisition time. Different compartments of the liver show this peak at different times. The appropriate liver TAC is found by using each candidate TAC as vector which spans with TAC h a twodimensional subspace. If the candidate is the scatter origin then the projection of TAC afh onto the subspace, given by
should equal TAC afh . The two dot products are α and β of eq.2. The undistorted heart TAC can be computed by
The difference
If there is no region in the liver where this difference is below a given threshold ε, then there is no single source region corresponding to the scatter observed at v .
Results
At the first stage, the validity of the assumption that eq.1 reflects the creation of scatter artefacts was tested. We replaced one of the heart segments in patient data by a weighted sum of heart and an arbitrarily selected liver TAC. A heart model curve was generated from adjacent segments. It was used to search for the appropriate liver curve using the reliability measure as decision criterion. Eight different liver TACs from three different test data sets were used. Four different heart curves from the same data set as the corresponding liver curve were used as model curve TAC h resulting in a total of 96 cases. The correct liver curve was found in most cases due to the distinct difference between different liver TACs. If a different liver TAC was found than the one used to produce the artefact, its behaviour was very similar to the true liver TAC.
The artefactual TAC was projected onto the space spanned by the liver and the heart model TAC for generating an artefact-free heart TAC. An error was computed as the percentage of deviation of the norm of the difference between true heart TAC and reconstructed TAC to the norm of the true heart TAC. It varied for the different liver TACs between 2.4% and 7.1% (Table 1 ). In case of liver TAC 7 and 8, a wrong liver model TAC was found twice among the 12 cases, causing a deviation of 20% and 30%, repectively, which was responsible for the increase of the average devitation to about 7% in both cases. Considering that an average variation of activity within the left ventricle of a single patient was about 30-40% (Figure 2) , these results are quite encouraging.
In the second test we selected apparent scatter artefacts from patient data and attempted to remove the scatter. As the truth was not known in these cases, the evaluation was restricted to the question whether the location of the liver TAC found by the reliability measure is plausible and whether the scatter removal produced a reasonable result. Such scatter artefacts were found in various slices of data from two subjects. We always found liver TACs in the vicinity of the left ventricle LV, which allowed the removal the scatter artefact although validation in this case was impossible (Figure 3) . In some cases, the shape of the reconstructed TAC looked reasonable but its average activity was below the activity of surrounding heart tissue. This could be due to the normal activity variations but may also indicate a low perfusion in the left ventricle. In the case depicted in Figure 4 , one of these two assumptions may be true, as the artefactual region shows an activity which is already in the range of the activity in neighbouring regions although a scatter artefact is clearly visible. 
Conclusions
Our investigations on artficially added scatter show that time signatures can be used to detect the origin of scattered photons and to estimate the amount of scatter by decomposition of the signal into parts corresponding to scatter and primary photons. Initial tests on patient data tests indicate also that hypothesis of single source for scatter is reasonable, which greatly reduces the amount of information necessary to remove the scatter artefact. However, further tests on a numerical phantom including inhomogneous scattering will be necessary for allowing quantitative tests on this qualitative result. Extending the investigation on data from such a phantom will be our next step. It will be particularly important for testing the hypothesis that only one region is responsible for scatter artefacts in a given heart region.
Future work for automated scatter detection and removal will integrate methods for model-based segmentation of left ventricle based on the heart signature with an automatic selection of affected segments based on deviation from neighbouring heart signatures. Our final goal is an automatic patient-specific recognition and removal of scatter artefacts prior to presentation of data.
Figure 3:
The dark green TAC contains a scatter artefact which is removed almost completely (red curve) if compared to a neighbouring heart TAC (light blue curve).
